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ABSTRACT
A simple model, the Surface Temperature and Near-Surface Air Temperature (at 2m) Model (TsT2m), is
developed to downscale numerical model output (such as from ECMWF) to obtain higher-temporal- and higher-
spatial-resolution surface and near-surface air temperature. It is evaluated in Shanghai, China. Surface tempera-
ture (Ts) and near-surface air temperature (Ta) submodels account for variations in land cover and their different
thermal properties, resulting in spatial variations of surface and air temperature. The net all-wave radiation pa-
rameterization (NARP) scheme is used to compute net wave radiation for the surface temperature submodel, the
objective hysteresis model (OHM) is used to calculate the net storage heat fluxes, and the surface temperature is
obtained by the force-restore method. The near-surface air temperature submodel considers the horizontal and
vertical energy changes for a columnofwell-mixed air above the surface.Modeled surface temperatures reproduce
the general pattern ofMODIS imageswell, while providingmore detailed patterns of the surface urbanheat island.
However, the simulated surface temperatures capture thewarmer urban land cover and are 10.38Cwarmer on average
than those derived from the coarser MODIS data. For other land-cover types, values are more similar. Downscaled,
higher-temporal- and higher-spatial-resolution air temperatures are compared to observations at 110 automatic
weather stations across Shanghai. After downscaling with TsT2m, the average forecast accuracy of near-surface air
temperature is improved by about 20%. The scheme developed has considerable potential for prediction and miti-
gation of urban climate conditions, particularly for weather and climate services related to heat stress.
1. Introduction
Rapid urbanization globally has resulted in land-use
and land-cover changes that have significantly affected
climate (Jin et al. 2011; Bechtel et al. 2012). One of the
most well-known urban climatic effects is the enhanced
surface and air temperatures in cities, the urban heat
island (UHI; Oke 1973; Kim and Baik 2005; Yow 2007).
Many aspects of urban life are impacted (Oke 1995;
Stone and Rodgers 2001; Weng et al. 2004) including
human health and well-being (Basu and Samet 2002),
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the operations of city infrastructure (O’Malley et al.
2014), and ecological (Raich and Schlesinger 1992;
Trumbore et al. 1996) and hydrological (Grimm et al.
2008; Kalma et al. 2008) processes. Thus, the ability to
simulate high-resolution surface or near-ground air
temperatures in cities is of considerable interest for a
wide range of applications.
Satellite remote sensing has many advantages for
monitoring land surface temperatures. Past studies have
shown that the UHI derived from remote sensing re-
sponds to spatial patterns of surface characteristics
(Roth et al. 1989; Gallo et al. 1993; Nichol et al. 2009).
However, for many applications the value of remote
sensing is limited by cloud cover, low temporal resolu-
tion of imagery, and/or coarse spatial resolution, al-
though downscaling methods exist to address the latter
(Xu et al. 2008; Bechtel et al. 2012; Bonafoni 2016).
Numerical simulations provide an effective way to
forecast surface and/or air temperatures. Models are
available for different surface types, including crops
(Luo et al. 1992; Mihailovic´ and Eitzinger 2007) and
roads (Shao and Lister 1996; Diefenderfer et al. 2006).
Methods underpinning these include obtaining the
ground surface temperature by solving the surface
energy balance equation (e.g., Best 1998; Herb et al.
2008); statistical downscaling from coarser-resolution
models assuming stationary empirical relations (Winkler
et al. 1997); multiobjective genetic-programming-based
method to downscaling near-surface temperature by
high-resolution information on land surface properties
(Zerenner et al. 2016); and dynamic downscaling using
a mesoscale model, for example, the Weather Research
and Forecasting (WRF) Model (Pan et al. 2012).
An extensive comparison of 33 urban land surface
models (ULSM) conducted as part of an international
urban energy balance models comparison project
(Grimmond et al. 2010) found, in general, simpler
models perform just as well as more complex models
(Grimmond et al. 2011; Best and Grimmond 2015). This
finding is attributed, in part, to the ability of individual
models to use the available input parameters and the
difficulties of determining some of the parameters em-
ployed in more complex schemes. Moreover, complex
models may require more computing resources (e.g.,
time, power). However, advances are being made with
simple, practical models for cities (e.g., Wang et al. 2017;
Lindberg et al. 2018).
This paper presents a novel simple model [the Sur-
face Temperature and Near-Surface Air Temperature
(at 2m) Model (TsT2m)] for simulating high-spatial-
resolution surface and near-surface air temperatures
(2-m height). The model accounts for differences in
surface cover proportion within a city (i.e., beyond
coarse urban and rural differences) while using standard
meteorological station data and easily obtained param-
eters. Critically, it runs rapidly and so permits opera-
tional high-resolution air temperature forecasts that
allow heat- and cold-related urban climate and weather
services to be provided. It considers both the surface
energy budget and the effects of horizontal airflow.
TsT2m is evaluated in Shanghai, a city with greater than
23 million inhabitants, more than 2.6 million automo-
biles, and more than 32 000 tall buildings (.30m tall) in
the year 2010 (Tan et al. 2015). Results are compared
with 10-day weather forecast datasets derived from
ECMWF model output (Molteni et al. 1996) and auto-
matic weather station (AWS) observations distributed
across the city of Shanghai.
2. TsT2m description
a. Model structure
TsT2m uses the surface energy balance to calculate
surface temperature Ts (Ts submodel) and a dynamic
energy balance of a column of air to diagnose the
near-surface air temperature at 2-m height Ta (T2m
submodel).
b. Surface temperature model (Ts submodel)
For the surface temperature model, the surface en-
ergy balance for each land-cover type is described as
(Oke 1988)
Q*1Q
F
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H
1Q
E
1DQ
s
, (1)
whereQ* is net all-wave radiation, andQF,QH,QE, and
DQS are the anthropogenic heat, turbulent sensible heat,
turbulent latent heat, and net storage heat fluxes, re-
spectively. The net all-wave radiation parameterization
(NARP) scheme (Offerle et al. 2003; Loridan et al.
2011) is used to calculate Q*. NARP requires routine
meteorological data (near-surface air temperature Ta,
humidity, pressure, cloud cover, wind, etc.) and surface
physical properties (surface albedo a, broadband surface
emissivity «s, etc.):
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Y
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where «sky is broadband atmospheric emissivity, and s is
the Stefan–Boltzmann constant (Offerle et al. 2003):
L
[
5 «
s
sT4a 1 0:08KY(12a)1 (12 «s)LY. (4)
The value of KY depends on solar geometry and the
solar constant R0:
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where h is the solar zenith angle. The atmospheric
transmittance Tr is calculated as follows (Shao and
Lister 1996):
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where fe_s is a factor to account for deviation in mean
Earth–sun distance based on day of year D:
f
e_s
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
2p(D2 1)
365

. (7)
The absorption by water vapor tw is calculated as follows
(McDonald 1960):
t
w
5 12 0:077(mm)0:3, (8)
from the precipitable water m that requires an empirical
constant G dependent upon time of year and latitude
and dewpoint temperature Tdew (Smith 1966):
m5 exp[1:37092 ln(G1 1)1 0:070 74T
dew
], (9)
and optical mass m (Shao and Lister 1996):
m5 35[1224 cos2(h)1 1]1/2 . (10)
The absorption and scattering of aerosols ta is calculated
as follows (Meyers and Dale 1983):
t
a
5 0:935m. (11)
The Rayleigh scattering and absorption by the permanent
gases tRtpg additionally requires pressure p (Atwater and
Brown 1974):
t
R
t
pg
5 1:0212 0:084[m(949p3 10261 0:051)]1/2. (12)
Cloud transmittance tc uses cloud fraction (CCi, 0–1)
and is the cloud transmittance by cloud level (ci, where
i5 low, medium, and high cloud) followingAtwater and
Ball (1981):
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If only total cloud-cover fraction (CC1) and/or lower/
middle (CC2) cloud cover are available, this becomes
t
c
5 [12 (CC
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)(12 c
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)][12CC
2
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2
)] , (14)
where c1 is cloud transmittance without low cloud, and
c2 is cloud transmittance without high cloud. In this
study, to evaluate c1 and c2, a sensitivity test (at 0.2 steps
in each parameter, from 0.0 to 1.0) is performed using
FIG. 1. Land use (IGBP classes: numbers and color) and location of AWSs in the Shanghai
region (province and constituent districts: gray lines) based on 2010 MODIS imagery (see
text). The AWS national station codes are as follows: BS: Baoshan; CM: Chongming;
FX: Fengxian; JD: Jiading; JS: Jinshan; MH: Minghang; SJ: Songjiang; PD: Pudong; XJH:
Xujiahui; and QP: Qingpu. The eddy covariance (EC) tower is also at XJH, about 50m from
the AWS site. Simulated area is the same extent as this map (30.58–32.08N, 120.78–122.28E).
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observations of cloud cover (CC1, CC2) and KY at the
Xujiahui (XJH) site in Shanghai (Fig. 1). The value of
KY is calculated [Eqs. (4)–(14)] whenKY. 0Wm
22 and
cloud observations are available [December 2012–
August 2013 at 0800 and 1400 local time (LT) (UTC1 8h),
712 thirty-minute data points]. The goodness-of-fit
metrics used are the root-mean-square error (RMSE),
standard deviation, and correlation coefficient. The best
estimate of KY occurred when c1 5 0.4 and c2 5 0.8
(Fig. 2, point A). These values are used in the remainder
of this study.
The total input of energy in an urban environment
(QF*5Q* 1 QF) requires the anthropogenic heat flux
QF to be determined. Here, the Large-Scale Urban
Consumption of Energy Model (LUCY) model (Allen
et al. 2011; Gabey et al. 2018) with three sources of QF
(traffic, building, and human metabolic emissions) is
used. The traffic data are based on International Road
Federation (IFR) World Road Statistics 2005, with the
average traffic speed set to 48kmh21. The population
data are from the 2000 Global Rural Urban Mapping
Project (GRUMP). For the average daily air tempera-
ture, the XJH station (September 2012–August 2013)
data are used.
We obtain DQS from the objective hysteresis model
(OHM; Grimmond et al. 1991):
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where fi is the proportion of surface type i; a1i, a2i, and
a3i are the OHM coefficients (Table 1); n is the number
of surface types; and t is the time. This is a robust, well-
tested method to calculate the heat flux of stored energy
in urban areas (e.g., Arnfield andGrimmond 1998; Taha
1999; Roth et al. 1989; Grimmond and Oke 1999;
Roberts et al. 2006).
Bhumralkar (1975) and Blackadar (1976) developed a
two-layer force-restore scheme to describe surface tem-
perature variations. This is applied widely in land–air
schemes (e.g., Xue et al. 1991;Mihailovic´ 1991, 1996).Using
DQS, we calculate surface temperature TS by the force-
restore method over different urban land-cover types (e.g.,
building, pavement, vegetation, trees, water, barren):
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where Td is a deep (z ; ‘) soil temperature at the
substrate heat reservoir (Hu and Islam 1995). The value
of Td is usually set as a constant, but for a limited period
such as 1 day, the deep (z ; ‘) soil temperature is not
modified and a shallower slowly varying daily temper-
ature is appropriate. Here, observed soil temperature
at a depth of 0.2m is used. Also,C is the volumetric heat
capacity, KT is the thermal conductivity, and C0 is the
heat capacity per unit area, determined from
C
0
5 0:95C(K
T
/2w)0:5, (17)
where v 5 2p/t and t is 1 day (24 3 3600 s).
c. Near-surface air temperature model (T2m
submodel)
Given a column of well-mixed air of height Zi
above a surface, the temperature change depends on
the internal energy change DQa, including the hori-
zontal energy change DQa,h, and the vertical energy
change DQL_V:
DQ
a
5DQ
a,h
1DQ
L_V
. (18)
The vertical energy change of the column of airDQL_V is
set to equal the changes caused by surface longwave
radiation heat DL[0 and longwave radiation change at
the top of the air column DL[Zi:
DQ
L_V
5 (DL
[0
1DL
[Zi
)ADt , (19)
FIG. 2. Normalized Taylor (2001) diagram for simulated in-
coming shortwave radiation assessed with observations from the
XJH flux tower (Ao et al. 2016a) with changing combinations of
transmission coefficients c1 and c2 (0.2 increment steps) for the
period December 2012–August 2013 (30min, at 0800 and 1400 LT,
712 samples). The ideal model performance is pointO on the x axis.
Points (red) are located based on the normalized standard de-
viation, correlation coefficient, and normalized RMSE. The best fit
(point A) occurs with c15 0.4 and c25 0.8.
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where A is the grid area and Dt is the time span.
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s
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4
s,t21, (20)
where Ts,t and Ts,t21 are the surface temperature at time
t and the preceding time (t 2 1), respectively.
DL
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sT4Zi ,t
2 «
sky
sT4Zi,t21
(21)
The air temperature high (850 hPa) within the expected
mixed layerTZi, should reasonably represents the synoptic-
scale changes and be impacted minimally by ground-based
heat sources.
The energy brought by horizontal airflow DQa,h is a
function of the total mass of a column of air in the grid
(ma), the volumetric heat capacity of air Ca and the
change of air temperature (DTh5Tin2 Tout) caused by
horizontal advection:
DQ
a,h
5C
a
m
a
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h
, (22)
where
m
a
5 rAZ
i
, (23)
where r is the density of air. From the internal energy
change DQa, the air temperature change in the column
DT within time span Dt is obtained:
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Precipitation modifies a number of important processes,
including increases to the water vapor in the boundary
layer, which affects the transmittance of the atmosphere
air density and heat capacity; changes to the albedo of the
surface (Ao et al. 2016a), which affects the shortwave ra-
diation flux; increases to the surface latent heat flux, which
changes the Bowen ratio (i.e., QH and QE partitioning)
(Ao et al. 2016b); and soil moisture, which impacts the soil
thermal conductivity and volumetric heat capacity. Al-
though all of these processes impact surface temperature
and air temperature, the model does not consider these
hydrologic processes. Its performance on rainy days should
be considered in this context. The influences of rainfall/
surface moisture on temperature are complex and need to
be explored further in future model versions.
3. Data and methods
a. Model parameter setting
The detailed land-cover classification used by the sur-
face temperature model is derived from the Moderate
Resolution Imaging Spectroradiometer (MODIS)
MOD12Q1 dataset (http://modis.gsfc.nasa.gov/data/
dataprod/mod12.php) with 500-m resolution, based on
the International Geosphere–Biosphere Programme
(IGBP) land-cover classification (Cohen et al. 2006). In
the study area (30.58–32.08N, 120.78–122.28E), the orig-
inal 16 IGBP classes (Fig. 1) are reclassified into
TABLE 1. Parameters required for OHM and values used for each land-use class (IGBP codes; Fig. 2).
IGBP
type Type
OHM Radiation Conduction
a1 a2 (s) a3 (Wm
22) Albedo Emissivity
Heat capacity
(MJm23 K21)
Thermal conductivity
(Wm21 K21)
0 Water bodies (WAT) 0.50 0.21 239.1a 0.19g 0.995i 4.20j 0.70
10, 12, 14 Short vegetation (VEG) 0.32 0.54 227.4b 0.19g 0.93i 2.50j 0.40
1–9 Trees and shrub (TRE) 0.11 0.11 212.3c 0.25g 0.97i 2.50j 0.40
13 Pavement (URB) 0.72 0.19 236.6d 0.08h 0.94h 2.00j 1.50
13 Building (URB) 0.24 0.43 216.7e 0.14k 0.90h 2.00j 1.00
11, 16 Barren (BRN) 0.38 0.56 227.3f 0.12g 0.953i 2.40j 0.70
a South et al. (1998).
b Doll et al. (1985).
c McCaughey (1985).
d Average of impervious (Doll et al. 1985; Asaeda and Ca 1993; Narita et al. 1984; Anandakumar 1999).
e Average of roof (Meyn and Oke 2009; Järvi et al. 2014; Taesler 1980a,b; Yoshida et al. 1990).
f Novak (1981).
g Chen and Dudhia (2001).
h Roberts et al. (2006).
i Van De Griend and Owe (1993).
j Herb et al. (2008).
k Ao et al. (2016a).
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six types for the OHM model (Table 1). The barren or
sparsely vegetated category refers to landwith no plants,
building or water cover, but usually porous ground.
Pavement is impermeable, such as concrete or asphalt
road surfaces. As the 500-mMODIS data do not provide
land-cover fractions (e.g., proportions of pavement,
building, vegetation) detailed analyses of both residen-
tial and commercial areas in Shanghai use similar
methods to Ao et al. (2016a) for XJH. From this the
urban and built-up land-cover class is assumed to be
have the following characteristics: paved areas 5 58%,
buildings 5 25%, grass5 14%, and trees5 3%. To ex-
plore the model performance at the national AWS sta-
tions, the surface-cover metadata [based on Shanghai
Institute of Surveying and Mapping data; see Table 4 in
Tan et al. (2015)] within 1km of each is analyzed.
The surface temperature submodel of TsT2m [Eqs. (1)–
(25)] is run with a spatial resolution of 0.0158 and 1-h
time step for the area of interest. It is initialized with a
spatial dataset that includes surface temperature (bare
soil), 2-m air temperature and humidity, 10-m wind di-
rection and wind speed, and station pressure corrected
to sea level. Data from the 10 AWS (Fig. 1) operated by
the Shanghai Meteorological Service [see Tan et al.
(2015) for more details about these stations] are in-
terpolated by inverse distance weighting (IDW; Shepard
1968) to the model grid scale to provide model input.
IDW is selected as it does not require other parame-
ters (e.g., influence radius) and with the sites fixed in
space the interpolation result is deterministic and results
of adjacent grid points are continuous. Alternatives,
such as nearest-neighbor (NN) interpolation may have
FIG. 3. Interpolated 2000 LT 24 Jul surface temperature (a) without XJH, (b) with XJH, and the resulting simulated
surface temperature at 1400 LT (c) without XJH and (d) with XJH. Gray lines delineate Shanghai and its districts.
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adjacent grid values that change abruptly. IDW is ad-
vantageous for routine interpolation. It has smaller er-
rors than kriging or NN methods and is recommended
for local-scale patterns of air temperature (e.g., Honjo
et al. 2015; Li et al. 2017).
To assess the impact of the IDW interpolation, a clear-
sky case (24–25 July 2016; cloud cover around 10%)
is analyzed with and without the XJH station. The ini-
tial surface temperature of the XJH station area is
31.28C (30.28C) with (without) XJH and the corre-
sponding simulated surface temperature at 1400 LT
are 59.08 (61.18)C. The pattern of temperature distri-
bution changes little (Fig. 3). For the investigation of
the impact of the IDW interpolation method we have
chosen to initiate the model with ECMWF run time
after sunset at 2000 LT during which the temperature
trends were not abruptly changing.
b. Evaluation method
The surface temperature submodel of TsT2m is
evaluated for the period from 1 September 2012 to
31 August 2013. Simulated incoming shortwave and
net all-wave radiation fluxes are compared against the
XJH flux tower observations (Ao et al. 2016a) by season
and weather type. Modeled surface temperatures are
compared to twice daily (about 1100 and 1300 LT)
MODIS land surface temperature products (MOD11C1),
which have a resolution of 5 km (https://modis.gsfc.nasa.
gov/data/dataprod/mod11.php).
The near-surface air temperature submodel of
TsT2m is initialized with interpolated surface and
FIG. 4. Simulated hourly (a),(b) incoming shortwave and (c),(d) net all-wave radiation flux compared with
observed data at the XJH tower for (a),(c) clear days (N 5 664) and (b),(d) cloudy days (N 5 1478) during
December 2012–August 2013. Regression slope (forced through the origin) and coefficients of determination R2
are given.
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air temperatures from the 10 AWS observations.
The ECMWF forecast 10-m wind direction and wind
speed, humidity, air pressure, total and lower cloud
cover (resolution 5 0.1258), and 850-hPa temperature
(resolution 5 0.258) are used to force this submodel
through interpolation. The new spatial resolution of
0.0158 for the model grid is obtained by bilinear in-
terpolation. The 1-h temporal resolution (from 3h) is
obtained by linear interpolation. Simulations are con-
ducted from 1 May 2016 to 31 October 2016 using the
next 24-h forecast (1200 UTC) with a 1-h time step.
Simulated air temperatures are compared to the 3-h
ECMWF forecast 2-m air temperature.
To evaluate the performance, coefficients of deter-
mination R2, mean bias error (MBE), mean absolute
error (MAE), and RMSE are used:
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where Mi indicates simulated and Oi observed value
for grid i of the total N grids or time steps; andM andO
FIG. 5. Violin plot showing maximum, median, and minimum whiskers and the kernel density of simulated bias
for (a),(b) incoming shortwave radiation flux (KYmod – KYobs) and (c),(d) net all-wave radiation flux (Qmod* 2Qobs* )
by seasons: (a),(c) clear (number of hours per season N) and (b),(d) cloudy days.
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the respective means. The forecast accuracy (FA) or hit
rate is also used (Zhang et al. 2009):
FA
T
5
N
G
N
T
3 100%, (30)
where NT is the total number of time steps evaluated,
NG is the number of times that the forecast temperature
has an absolute error #18C.
4. Results and discussion
a. Surface temperatures
The simulated hourly incoming shortwave flux and
net all-wave radiation flux for clear days and cloudy days
are compared with observations from the XJH tower
(Fig. 4). Performance for both incoming shortwave and
net all-wave radiation is better on clear days (R2 5 0.94
and 0.98) than on cloudy days (R2 5 0.68 and 0.70).
Violin plots allow both the distribution and frequency
of the errors to be seen (Fig. 5). On clear days simulated
incoming shortwave radiation is higher than observed in
spring and summer, but lower in autumn and winter. On
cloudy days generally, simulated incoming shortwave
radiation is higher than the observed data for all seasons.
The hourly incoming shortwave flux MAE are 35, 23, 34,
and 24Wm22 in spring, summer, autumn, and winter,
respectively (RMSE 5 110, 123, 132, and 100Wm22,
respectively). The simulated transmissivity Tr on clear
days are 0.70, 0.68, 0.61, and 0.66 on average in spring,
summer, autumn, and winter, respectively, which follows
the observed monthly median (1100–1300 LT) of 0.6–0.7
for clear conditions documented by Ao et al. (2016a).
On cloudy days, values are 0.65, 0.58, 0.53, and 0.55 on
average (spring, summer, autumn, andwinter, respectively),
which are higher than those derived from observations
(0.59, 0.49, 0.48, and 0.47, respectively) (Ao et al. 2016a).
Following Leroyer et al. (2011) and Zhang et al. (2011),
modeled surface temperatures are compared to the
MODIS skin temperature. The simulation values re-
produce the general pattern well and give more detailed
patterns of the surface urban heat island than is evident
fromMODIS (Fig. 6). The high temperature in the center
of city does not have the surrounding gradient evident in
FIG. 6. Surface temperature (8C) on 12Aug 2013 derived from (a)MODIS (1040 LT) and (b) simulations (1100 LT).
Black lines delimit Shanghai and its districts.
FIG. 7. Variation in surface temperature on four clear days in
summer (1300 LT 3 Jun, 1300 LT 12 Jul, 1100 LT 11 Aug, and
1100 LT 12 Aug 2013) determined from MODIS (MOD) and
simulation (SIM) by surface type (see Table 1 for classes in do-
main). Boxplots show interquartile range (IQR), 1.5 3 IQR
whiskers, median (red line), and mean (black dashed line).
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theMODIS skin temperature (Fig. 6a). Significantly lower
temperatures near the Huangpu River in the city center
are seen in the simulated temperatures (Fig. 6b). The
Yangtze River and Chongming Island have similar tem-
perature with the waters and land being hard to distinguish
in Fig. 6a, but easy to distinguish in Fig. 6b. To evaluate the
modeled results, the data are stratified by surface type
(water, urban, short vegetation, trees and shrubs, and
barren). The simulated surface temperature for urban
areas (N 5 16600) are 10.38C warmer on average than
those derived from MODIS, while the others are more
similar [water:20.28C (N5 36936), short vegetation 3.18C
(N 5 25411), trees and shrubs 0.18C (N 5 12203), and
barren ground 20.38C (N5 1158)]. The larger difference
associated with the urban surfaces is not unexpected as the
coarserMODIS data are unlikely to only have the warmer
built surfaces but will typically include cooler surface
covers (e.g., grass, trees) as well.
Four cloud-free MODIS images are analyzed (1300 LT
3 June, 1300 LT 12 July, 1100 LT 11 August, and 1100 LT
12 August 2013) to investigate the performance of the
surface temperature simulation for different land covers
(Fig. 7). Observations of surface temperature are available
at 10 national AWS sites. These are also used to evaluate
the grids where they occur using the barren surface cover
type. The barren surface temperatures’ MBE and RMSE
are 22.88 and 4.88C, while for the MODIS data they
are 25.28 and 6.18C, respectively (N 5 36).
b. Near-surface air temperatures
To evaluate the near-surface air temperature of
Shanghai, a day with high temperatures is selected (27 July
2016). A mix of cloud and sun occurred, with low wind
speeds from inland (southwest) and near the sea from the
southeast. The downscaled air temperature distribution is
compared to air temperatures from 110 AWS (Fig. 8) and
the ECMWF high-resolution 2-m temperature prediction
with 3-h temporal resolution and 0.1258 spatial resolution.
The model is initialized at 2000 LT 26 July 2016 (i.e., the
same time as the asECMWFprediction) and temperatures
simulated for 24h. At 1400 LT 27 July 2016, the highest air
temperature areas are in the downtown area of Shanghai
for all three approaches: the observations are the warmest
(;418C), TsT2m is 39.88C, and ECMWF (;378C) the
coolest. Both ECMWF and TsT2m simulate lower tem-
peratures near the sea, because of a sea breeze flowing in
from the cooler sea surface. ECMWF has a secondary hot
spot in the southwest corner of Shanghai, but this is not
evident in the AWS or the TsT2m results.
For 1 May–31 October 2016, the near-surface air tem-
peratures (Fig. 9) from ECMWF are mostly cooler than
observed, except for some stations near the sea. In contrast,
the TsT2m results are mostly warmer than observed, es-
pecially in the urban area. The RMSETsT2m are more spa-
tially consistent than RMSEECMWF, as the latter are larger
in the urban area than in the nonurban area. In August
FIG. 8. Air temperature at 2m above ground level in Shanghai at 1400 LT 27 Jul 2016 at (a) AWS observations,
(b) ECMWF (1200 UTC) forecast, and (c) TsT2m [initialized with 1200UTC (2000 LT) 26 Jul 2016 ECMWF forecast].
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(Figs. 9c,d), the hottest month in Shanghai, the MBEECM
is ,21.08C for 77 stations, and for 15 stations RMSEECM
is .2.08C. Most of these are stations in the urban area.
However, 96 stations have a MAETsT2m, 1.08C. The four
stations with RMSETsT2m . 2.08C are located close to
the coast.
The average FA for the near-surface air temperature
(Table 2) is better for FATsT2m than FAECM at almost all
stations. In XJH and Chongming (CM) (Fig. 1), the full
suite of TsT2m results are much better than those from
the original ECMWF as both sites have a 20% higher
FA. This also occurs in the MBE and RMSE (Fig. 10
shows XJH; others not shown). The FATsT2m is better
than FAECM for every month, and much better in July
(by 12.9%), August (24.8%) and September (11.4%).
This indicates the TsT2m performance is much better on
hot days (MBETsT2m , 18C; RMSETsT2m , 38C in each
month) and better than the ECMWF forecast.
To evaluate the effect of the surface cover, the fractions
of building and pavement (%) for each station are de-
termined (Fig. 11a, section 3a). FAECM has a negative
correlation with impervious cover (Fig. 11b) (R25 0.45,
t-test significance p5 0.002 for a 5 0.05). However, there
is little influence of urban fractional cover on FATsT2m.
Thus, the ECMWF prediction of temperature in urban
areas (e.g., Xujiahui, Minghang, Songjiang) is modified
from that of nonurban area (e.g., Fengxian, Qingpu,
Pudong). The new TsT2m 2-m air temperature, by ac-
counting for urban land cover, results in much improved
performance for areas with road and built-up cover.
c. Application
A range of potential weather and climate service ap-
plications are possible with the new model. These include
regular weather forecasts at higher spatial resolution and
climate services mitigation applications.
FIG. 9. Variation of MBE (color) and RMSE (dot size) for 2-m air temperature assessed with AWS data for
(a),(b) May–October and (c),(d) August 2016 simulated by (a),(c) TsT2m and (b),(d) ECMWF.
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Here the impact of changing land cover for heat miti-
gation is assessed by analyzing the hottest day in Shanghai
in 2016 using the same forcing data as in section 4b. The
air temperature is simulated with the original land cover
(section 3a) to characterize urban grids (i.e., paved
areas5 58%, buildings5 25%, grass5 14%, trees5 3%).
This is used as a reference temperature. Two more sets of
simulations are conducted that have decreasing paved
proportions (58%–8%, 10% steps) that are replaced
with (i) grass or (ii) trees. The maximum and minimum
daily air temperature for each urban grid (T2m,max and
T2m,min, respectively) are compared (simulation minus
reference temperature simulation) to obtain the change
(DT2m,max and DT2m,min, respectively) for each land-
cover change (Fig. 12).
The mean T2m,max decreases with an increase in both
grass and trees; therefore, DT2m,max becomes larger with
an increase of grass or tree proportion. The reduction
in T2m,max is on average greater for an increase in trees
[0.458C (10%)21] than grass [0.378C (10%)21]. Similarly,
TABLE 2. Air temperature (at 2m) FA (%) of ECMWF (ECM) and the TsT2m (T2m) at each station (Fig. 1) by month
(May–October 2016).
Month
T2m ECM T2m ECM T2m ECM T2m ECM T2m ECM T2m ECM
BS CM FX JD JS MH
5 55.0 38.3 61.1 46.1 63.6 61 54.7 39.2 55.5 56.6 54.1 46.4
6 46.3 44.3 60.0 61.0 63.8 60.5 49.3 41.7 54.5 50.2 44.4 47.2
7 53.7 37.0 70.7 52.4 65.8 61.5 51.7 33.1 49.7 53.3 46.1 34.3
8 57.1 52.7 71.3 33.5 76.2 48.9 58.6 34.9 54.9 51.2 54.2 21.7
9 57.5 62.3 60.1 38.0 60.6 60.8 57.5 57.7 66.7 50.4 55.9 35.5
10 66.3 77.5 63.4 44.8 68.2 71.4 62.5 70.3 66.1 58.9 56.1 51.3
Avg 56.0 52.0 64.4 46.0 66.4 60.7 55.7 46.2 57.9 53.4 51.8 39.4
PD QP SJ XJH Avg
5 53.7 48.0 56.9 53.2 49.7 50.6 50.8 38.2 55.5 47.8
6 48.9 47.7 50.4 53.7 49.2 44.3 49.4 33.0 51.6 48.4
7 46.9 44.3 61.7 47.9 56.3 36.7 53.0 26.4 55.6 42.7
8 57.8 42.9 67.3 41.6 56.7 20.4 59.3 17.0 61.3 36.5
9 57.0 49.9 61.5 61.5 55.4 38.5 64.0 27.5 59.6 48.2
10 57.0 68.4 64.9 65.8 57.0 53.5 65.5 45.8 62.7 60.8
Avg 53.6 50.2 60.5 54.0 54.1 40.7 57.0 31.3 57.7 54.4
FIG. 10. Boxplot [IQR, median (red line), mean (black dotted line), whiskers 1.53 IQR] of hourly air temperature
bias at XJH using TsT2m and ECMWF from May (5) to October (10).
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the mean T2m,min decreases with an increase in both grass
and trees (Fig. 12b). The decrease associated with the
trees [0.0638C (10%)21] is larger than with grass [0.0268C
(10%)21] but smaller than the impact on the maximum
temperature (cf. Figs. 12a,b).
5. Discussion and conclusions
In this paper a newmodel (TsT2m) to downscale coarse
NWP (e.g., ECMWF) forecast surface and air tempera-
ture based on underlying surface cover types is proposed.
The approach provides higher temporal and spatial reso-
lution outputs than traditional statistical downscaling. The
model is assessedusingAWSandMODISdata in Shanghai.
For air temperature, theperformanceof theTsT2m is better
than the coarser (spatially and temporally) ECMWF fore-
cast, and reflects better the impact of the environment on
the near-surface (2m) temperature. In Shanghai, en-
hanced performance is most evident on hot days. From
May to October, the ECMWF 2-m air temperature
forecast in the urban area is systematically cooler, while
the mean and median errors of TsT2m are both smaller.
As TsT2m mostly uses conventional meteorological
data (temperature, humidity, wind speed, air pressure,
cloud cover, etc.), and requires limited computing re-
sources, it has great potential to be translated and ex-
tended to other cities and applications.
TsT2m performs less well in winter than summer.
This may result from the assumption that air near
ground is well mixed, which it less likely under more
FIG. 11. Land-cover characteristics (a) within 1-km radius of the national stations (Fig. 1) and (b) urban percentage
(paved 1 building) with FA of 2-m air temperature from May to October 2016.
FIG. 12. Impact of change in surface cover [section 4c; pavement replaced by grass (green) or tree (blue)] on
simulated (by TsT2m) daily air temperature (27 Jul 2016) (a) maximum (DT2m,max) and (b) minimum (DT2m,min).
Spatial difference boxplot for all urban grids with IQR, and 1.53 IQR whiskers, median (red line), and mean (red
diamond). Note y-scale differences.
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TABLE A1. List of symbols.
Variable Description Units
A Grid area m2
a1 OHM coefficients — (0–1)
a2 OHM coefficients — (0–1)
a3 OHM coefficients Wm
22
C Volumetric heat capacity of soil J m23 8C
C0 Heat capacity per unit area Jm
22 8C
c1 Cloud transmittance without low cloud — (0–1)
c2 Cloud transmittance without high cloud — (0–1)
Ca Specific heat of air Jm
23 8C
CC1 Total cloud-cover proportion — (0–1)
CC2 Lower/middle cloud-cover proportion — (0–1)
D Day of year Days
fe_s Factor to account for deviation in mean Earth–sun distance —
fi Proportion of a surface type — (0–1)
h Sun zenith angle rad
KY Incoming shortwave radiation Wm
22
K[ Outgoing shortwave radiation Wm
22
KT Soil thermal conductivity Wm
21 8C21
LY Incoming longwave radiation Wm
22
L[ Outgoing longwave radiation Wm
22
m Optical mass —
ma Mass of near-surface air block air quality kg
p Surface pressure hPa
Q* Net all-wave radiation Wm22
QE Latent heat flux Wm
22
QF Anthropogenic heat flux Wm
22
QF* Net all-wave radiation plus anthropogenic heat fluxes Wm22
QH Sensible heat flux Wm
22
R0 Solar constant Wm
22
Ta Near-surface air temperature 8C
ta Absorption and scattering by aerosols — (0–1)
tc Cloud adjust coefficient — (0–1)
Td Deep soil temperature 8C
Tdew Dewpoint 8C
tpg Constant gas absorption — (0–1)
Tr Atmospheric transmittance — (0–1)
tR Rayleigh scattering — (0–1)
Ts Surface temperature 8C
TZi Air temperature at height of mixed air 8C
tw Water vapor absorption — (0–1)
Zi Height of well-mixed air block m
a Surface albedo — (0–1)
DQa Internal energy change of the air block near surface Wm
22
DL[0 Surface longwave radiation change Wm
22
DL[Zi Longwave radiation change at the top of the air column Wm
22
DQa,h Net horizontal change in heat flux Wm
22
DQL_y Net vertically change in heat flux Wm
22
DQS Storage heat flux Wm
22
Dt Time step s
DT Block air temperature change 8C
m Precipitable water cm
«s Broadband surface emissivity —
«sky Broadband atmospheric emissivity —
r Air density kgm23
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stable conditions. Currently, TsT2m does not consider
hydrological processes. As surface moisture processes
are important, their inclusion is important in future
improvements. Heterogeneity of urban morphology
influences land surface temperature (Guo et al. 2016)
and this also will be considered in future studies. As
TsT2m is tested only in Shanghai, evaluation in other
cities is important to establish the robustness of the
approach and its broader utility.
Given a lack of high-resolution observations to initialize
the model, it is necessary to interpolate data, which in-
evitably introduces biases in the model simulations. Here,
IDW is chosen given the local scale and as it yields con-
tinuous results. Obviously, inclusion of more AWSs in the
interpolation will result in a better spatial representation.
The storage heat flux is sometimes overestimated
with the OHM mode (especially in the afternoon).
This may lead to an overestimate of Ts. Given the sim-
plicity of OHM. and the fact it does not account for im-
pacts of surface moisture and wind speed variations
(Grimmond and Oke 1999), the first-order results of
this study suggest that assessing the new analytical
OHM (AnOHM) model (Sun et al. 2017) is warranted
to increase OHM coefficients in future simulations.
TsT2m has the potential to be used to study finer-scale
urban processes and conditions, for example: thermo-
dynamic conditions of local convection, the effects of
which are too small scale to be captured by a NWP
models. Thus, TsT2m provides a useful tool for evalu-
ating the impact of urbanization on the thermal envi-
ronment and to inform city planning and design. TsT2m
is developed with the aim of improving climate and
weather services for heat stress conditions, particularly
for those most vulnerable. The improved spatial reso-
lution, particularly in the densest urban areas, will en-
able improved predictions and interventions and aid
long-term planning for extreme heat conditions.
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